Abstract Maps of population exposure, vulnerability and risk to natural hazards are useful tools for designing and implementing disaster risk mitigation programs in China. The ranking of provinces by relative risk to natural hazards would provide a metric for prioritizing risk management strategies. Using provinces as our study unit, from the perspectives of hazard exposure, susceptibility, coping capacity and adaptive capacity, this study first constructed China's disaster risk index for five types of major natural hazards: earthquakes, floods, droughts, low temperatures/snow and gale/hail. Then, the relative risk level at the provincial scale in China was assessed. Finally, the hotspots with the highest hazard exposure, vulnerability and risk were identified. The results showed that high exposure was a significant risk driver in China, whereas high vulnerability, especially social vulnerability, amplified the risk levels. Similar to the population exposure to disasters, the relative risk levels in the southwestern, central and northeastern regions of China were significantly higher than those in the eastern, northern and western regions. The highrisk regions or hotspots of multi-hazards were concentrated in southern China (less-developed regions), while the low-risk regions were mainly distributed in the eastern coastal areas (well-developed regions). Furthermore, a nonlinear relationship existed between the disaster risk level and poverty incidence as well as per capita GDP, demonstrating that 
Introduction
Disaster risk signifies the possibility of adverse effects in the future, and it derives from the interaction of social and environmental processes and from the combination of physical hazards and the vulnerabilities of exposed elements (IPCC 2012) . Risk is generally associated with several definitions and multiple approaches (Adger 2006) . In the disaster risk field, risk is generally defined as a function of hazard probability and vulnerability; the latter results from a combination of susceptibility and coping and adaptive capacities (UN/ ISDR 2004; Wisner et al. 2004) .
Disaster risk assessment could also help to develop and implement the multi-hazard risk management strategies (Dilley et al. 2005) . With the increasing number of disasters and its losses, disaster risk assessment has long been a major concern in the field of natural disaster and sustainability science. Identifying the risk factors could provide opportunities to shift the emphasis from reliance on relief and reconstruction following disasters toward prevention of losses and preparedness to reduce recovery time (Dilley et al. 2005; Birkmann 2007) . Various attempts have been made to measure risk and vulnerability across different spatial scales over the past decades (Dilley et al. 2005; UNDP 2004; Cutter and Finch 2008; Schmidtlein et al. 2008; Cardona 2011) . Traditionally, risk assessments aim to determine the likelihood of specific losses and damages to the population, economy, supporting environment and institutional structures (UNESCO-IOC 2009), which in turn has a particular focus on exposure but also from an engineering approach (Fuchs et al. 2013) . However, risk assessment has recently shifted from pure quantification of probability of losses and damages of elements at risk due to a hazard (purely related to exposure and susceptibility considerations of the elements at risk) toward the explicit consideration of coping and adaptive capacities and deficiencies in the preparedness of society (Strunz et al. 2011) . Some global and regional approaches, such as the disaster risk index (DRI) (UNDP 2004 ) and the Natural Disaster Risk Hotspots project (NDRHP) (Dilley et al. 2005) , have been established to measure the relative levels of risk at the national level by considering historical annual mortality rates, economic loss rates and exposed populations to different hazards. Specifically, the United Nations Development Programme in 2004 introduced the DRI to assess the risk classes of the main natural hazards (including droughts, floods, cyclones and earthquakes) at the national level based on the publicly available Emergency Event Database (EM-DAT). The DRI is a quantitative measure that permits a comparison of disaster risk between countries exposed to selected hazards and an exploration of the correlation of a country's development status and its vulnerability to natural disasters (Birkmann 2007; Peduzzi et al. 2009 ); see also Cutter and Finch (2008) for an application in the USA. Countries suffering higher losses of lives than other countries equally exposed have a higher relative vulnerability (Dilley et al. 2005) . In the global spatial distribution map of DRI classes (0 = no mortality risk to 7 = highest mortality risk), China belongs to the sixth class, which comprises areas of relatively higher risk (Peduzzi et al. 2009 ). Due to the lower spatial resolution (at the national scale) of the hazard and exposure, as well as the vulnerability parameters, the DRI failed to reveal the relative disaster risk levels within countries. Therefore, Peduzzi et al. (2009) suggested that large countries with significant discrepancies, such as China, should have more disaggregated risk rates for policy-making and the implementation of disaster prevention and mitigation.
The NDRHP, one of the most influential disaster risk assessments, was conducted primarily by Columbia University in cooperation with the World Bank and other institutes (Dilley et al. 2005) . The aim of the NDRHP was to perform a global assessment of the risk of mortality and economic losses for six major natural hazards: droughts, floods, windstorms, earthquakes, landslides and volcanoes. The NDRHP study assessed the global relative risks of mortality and economic losses associated with each hazard and all hazards combined using proxies based on gridded population density and GDP per unit area for 2000 (5 km 9 5 km cell). Like the DRI, the NDRHP used the EM-DAT database for the calculations and was thus limited to large events. This challenge was also addressed recently for Europe and the Russian Federation by Fuchs et al. (2013) . The resolution of the global analysis is relatively coarse, however, and the global dataset inadequately captured important factors affecting local risk levels (Arnold et al. 2006 ). In the NDRHP study, the eastern and southeastern coastal regions of China were identified as cyclone and flood disaster risk hotspots in terms of mortalities and economic losses, and the northern region was identified as a drought risk hotspot. Regarding mortality risk, the eastern and central areas of China were dominated by hydrological disaster hotspots; regarding economic loss risks, the central and southeastern regions were dominated by hydrological disaster hotspots; the northern and northeastern parts were dominated by hydrological and drought disaster hotspots (Dilley et al. 2005) . However, as the study omitted more precise estimates of physical fragilities and social vulnerabilities where they existed, it was difficult to accurately estimate the mortality and economic losses from the empirical loss rate analysis at a local scale (Lerner-Lam 2007) . The NDRHP and similar recent studies have pointed to the specific need for more research, standardized data acquisition and more highly resolved regional and sub-national analyses (Arnold et al. 2006; Alliance Development Works 2012). in China were at a medium level (Alliance Development Works 2012). The WRR stressed that China experienced different regional disaster risks due to the varied geographical areas. It is thus difficult to compare risks across provinces without a systematic disaster risk assessment and the identification of underlying risk factors. Without geographical comparisons, it is also difficult to prioritize the geographical focus of risk reduction strategies or position them within the broader sustainable development and poverty reduction goals (Linnerooth-Bayer et al. 2007 ). The higher resolution of the local risk index made it possible to representing the exposure and vulnerability on a smaller scale. Thus, the multihazard risk assessment on the local level still deserves further investigation.
China's vast territory, varied climate region, complex geographical environment and fragile ecological condition make it one of the countries to suffer from frequent disasters. The natural hazards in China are characterized with a wide distribution, occurring at a high frequency and often causing huge losses. The natural hazards in China have had a farreaching impact on the sustainable development of China's economy and society, thus being a particular domestic and international concern (Zhou et al. 2014a ). On average, China's natural hazards from 1990 to 2011 affected about 400 million people per year over, claimed the lives of more than 8,000 victims and caused direct economic losses exceeding 100 billion RMB . Although a large number of studies have been conducted on disaster-causing factors and spatiotemporal patterns of various natural hazards, the relative risk levels of multi-hazards from the perspectives of hazards, exposure and vulnerability are still poorly understood (Wang et al. 1994 (Wang et al. , 2006 . Fortunately, in a recent study, Shi (2011) assessed the risk level of integrated natural disasters at the county level and concluded that the risk level of East China was higher than that in Central China; also, the risk in the central region was higher than that in the western region. Due to the higher resolution data compared with previous studies, Shi's findings provided comprehensive and in-depth insights into the relative risk levels of integrated natural disasters; the findings were extremely useful for guiding the actions in disaster prevention and mitigation in China. However, due to the limitation of data, Shi's study (2011) failed to fully take into account the susceptibility, coping ability and adaptive capacity regarding natural hazards. Multi-hazard risk analyses of considering risk factors (i.e., hazards, susceptibility, coping ability, adaptive capacity) are valuable to get an overview on the overall risk profile of a region and have a great significance for designing and implementing effective disaster risk mitigation countermeasures (Bell and Glade 2004; Birkmann et al. 2011a; Kappes et al. 2012) . The key aim of this study is to assess the risk levels by combining both the frequency of the five major natural hazards (i.e., earthquakes, floods, droughts, low temperatures/snow and gale/hail) and the vulnerability of the society or element at risk exposed at the provincial level in China and to identify the possible mechanisms associated with high-risk regions or hotspots.
Theoretical frameworks, methods and data
In the present study, risk is also defined as the interaction between a hazard event and the exposed element or society (UN/ISDR 2004; Wisner et al. 2004; Birkmann 2006; Birkmann et al. 2011a) . Following the theoretical framework of the WRR, an index was constructed for 31 provinces (municipalities and autonomous regions) in China to examine the regional differences in terms of exposure, susceptibility, coping and adaptive capacities and risk level. China's disaster risk index (CDRI) was thus measured on the basis of four components: exposure, susceptibility, coping capacity and adaptive capacity. The concept of vulnerability is used by various disciplines, and current approaches in vulnerability research are driven by a divide between social scientists and natural scientist (Fuchs et al. 2012) . Social scientists view vulnerability as representing the set of socioeconomic factors that determine people's ability to cope with or changes (Wisner et al. 2004; Birkmann 2006; IPCC 2012) or call it social vulnerability (Cutter and Finch 2008; Zhou et al. 2014a) , whereas natural scientists focus on vulnerability in terms of the likelihood of occurrence of a specific event and associated impacts on the built environment, also known as physical vulnerability (Papathoma-Kohle et al. 2011) . Birkmann et al. (2013) concluded the dimensions of vulnerability from social, economic, physical, cultural, environmental and institutional aspects. The institutional dimension include potential for damage to governance systems, organizational form and function as well as guiding formal/legal rules (Birkmann et al. 2013) . In this study, vulnerability refers to social, physical, economic and environmental factors that make people or systems susceptible to the impacts of natural hazards and adverse consequences of shocks (Wisner et al. 2004; Birkmann 2006; Birkmann et al. 2011a ). The susceptibility, lack of coping capacity and the lack of adaptive capacity describe the societal elements of the risks; combined, they yield the vulnerability index. The vulnerability index multiplied by the exposure index produces the risk. Thus, the CDRI can be calculated by the following equations: [2008] [2009] [2010] 29 of the 31 provinces experienced floods, gale/hail and low temperatures/snow, and 24 and 25 of the 31 provinces suffered from earthquakes and droughts, respectively (Fig. 1) . The number of hazards is also taken into account and is obtained from a publicly accessible database (http://zaiqing.casm.ac.cn/). The population exposure in this study was associated with the annual average number of individuals who are affected by hazard events. All exposed population per natural hazard was summed to estimate the exposure index that represents the share of the population exposed in each province. The physical exposure to hazards may be defined as follows:
where Exposure i is the annual average physical exposure for the ''i'' hazard in each province (person/year), Pop i is the total affected population for each hazard event ''i'' (personÁ event), N is the annual number of a disaster type (event) and Y n is the length of time [year] .
Susceptibility generally refers to the likelihood of harm, loss and disruption in an extreme event triggered by a natural hazard. Public infrastructure, health status, poverty and dependencies, and economic capacity and income distribution were chosen to represent susceptibility. Figure 2 and Table 1 show the four sub-categories, the seven selected indicators and the corresponding weights. To compare the world risk index, the weights of four sub-category metrics representing susceptibility in the present study were based on a weighting scheme from the WRR, which was obtained from an expert evaluation.
Coping capacity refers to the ability of people, organizations and systems to address, manage and overcome adverse conditions using available skills, resources and opportunities (IPCC 2012). It comprise various abilities of societies and exposed elements to minimize negative impacts of natural hazards through direct action and the resources available, and it also encompasses measures and abilities that are immediately available to reduce harm and damages in the occurrence of an event (Alliance Development Works 2012). Three sub-category indicators, i.e., government and authorities, medical services and economic coverage, were chosen to represent the coping capacities, which could also be described as institutional and economic vulnerabilities (Raschky 2008; Birkmann et al. 2013) . To calculate the risk index, the opposite value, i.e., the lack of coping capacities, was used; the value is calculated as 1 minus the coping capacities.
Adaptive capacity refers to the ability to prepare for stresses and changes in advance or adjust and respond to the effects caused by the stress (Smit et al. 2001; Adger et al. 2007; IPCC 2012) . Coping is typically used to refer to ex post actions, while adaptation is normally associated with ex ante actions (IPCC 2012) . Coping aims to maintain the system and its functions in the face of adverse shocks, while adaptation involves in changes and requires reorganization processes (Birkmann 2011b) . Enhancement of adaptability is a necessary condition for reducing vulnerability (Smit et al. 2001) . In this study, four subcategory proxy variables that describe the capacities for long-term adaptation and change within a society were chosen: education and research, gender equity, environmental status/ ecosystem protection and financial investments. Figure 2 and Table 1 show these four subcategory variables and the sixteen selected indicators, as well as their corresponding weights. Similar to the coping capacities, the lack of adaptive capacities was included in the CDRI. Table 1 lists the 35 proxy indicators and the sources for measuring the CDRI in 31 provinces. Some of the indicators were obtained from official publications, such as the China Statistical Yearbook and Yearbook of China's Insurance, and some were available from peer-reviewed papers (see Table 1 ). All indicators are statistically and analytically accurate, comparable and as simple as possible to interpret. Many of the indicators composing the CDRI ranged from 0 to 1 or 0 to 100. When dealing with data ranges larger than 100, standardization was used for transforming values to between 0 and 1. This transformation was only used if the measurement units were not proportional to the population. Special cases of logarithmic transformation were used for GDP, life expectancy at birth and expenditure on health. Figure 2 exhibits the modular structure of the indicators of c Water resources carrying capacity refers to the maximum ability that water can supply industrial and agricultural production, people's living, ecological and environmental protection under the foreseeable technical, economic and social conditions without the fear of disrupting the ecological system. The water resources carrying capacity index includes four sub-category variables (water resources, social and economic system and ecosystem) and twenty-eight indicators (Liu et al. 2012) d The water footprint of an individual, community or business is defined as the total volume f freshwater used to produce the goods and services for consumption. In this study, the total water footprint includes the agricultural and livestock, industrial products, water pollution, living and ecological water footprint (Sun et al. 2013) exposure, susceptibility, coping capacity and adaptive capacity, as well as their corresponding sub-categories and weights.
Factor analysis was applied to validate the aggregation formula of the CDRI. The results of the factor analysis provide information about the choice of the mathematical aggregation of the four different aggregated indices (exposure, susceptibility, coping and adaptation). The Kaiser-Meyer-Olkin (KMO) measure was commonly used to examine the suitability of the data for factor analysis. The KMO statistic varies between 0 and 1. Kaiser (1974) suggests that values greater than 0.5 are acceptable, values between 0.5 and 0.7 are mediocre, values between 0.7 and 0.8 are good and values between 0.8 and 0.9 are superb. The result of the factor analysis of the used aggregation formula in this study was 0.6, which means that the choice for the used aggregation formula was reasonable. In addition, for the spatial analysis and cartographic output, the values of the calculated indices were thus separated into five classes using the quantile classification method, which is integrated in the ArcGIS 10.0 software. Based on the calculated indices for exposure, susceptibility, lack of coping capacity, lack of adaptive capacity, vulnerability and risk, we define five classes according to percentile index, i.e., very high (C90 %), high (75-90 %), medium (25-75 %), low (10-25 %) and very low (B10 %).
China can generally be divided into eastern, central and western regions according to the level of economic development and geographical location for each province 2 (Fig. 3) . It is generally accepted that the eastern area of China belongs to the well-developed region, and the western and central regions are the less-developed region.
3 Results and analysis
Exposure to natural hazards
Indices of exposure, susceptibility, coping capacity and adaptive capacity, and vulnerability and risk for 31 provinces in China are shown in Table 2 . The map of exposure to natural hazards indicates that Guizhou, Liaoning, Hunan, Yunnan, Sichuan and Hubei provinces were the exposure hotspots, followed by Heilongjiang, Hainan, Jiangxi, Zhejiang, Guangxi and Henan (Fig. 4) . Southwestern China, including Guizhou, Yunnan and Sichuan provinces, was highly exposed to frequent floods, droughts, low temperatures/ snow and gale/hail. Devastating earthquakes also exposed a larger number of people to hazards in Sichuan and Yunnan provinces, whose geographical locations are near tectonic plate borders. The elevation of China is higher in the west and lower in the east; thus, coupled with the southeast and southwest monsoonal influences, the Yangtze River region experienced floods every year. A larger number of people were exposed to frequent floods and low temperatures/snow in the central regions of China (including Hunan, Hubei and Jiangxi provinces). In addition, many people were exposed to droughts and gale/hail in Hunan and Hubei provinces every year. Due to the effects of droughts and floods, Northeast China (including Liaoning and Heilongjiang provinces) also had a high population exposure. According to the government statistics, Beijing, Tianjin and Shanghai had a relatively lower frequency of natural hazards between 2008 and 2010, and few people were affected by disasters in these regions (i.e., low exposure) (Fig. 4) .
Susceptibility, coping capacity, adaptive capacity and vulnerability to natural hazards
The southwestern and western regions of China had a relatively high level of susceptibility, while the economically well-developed areas, such as Beijing, Tianjin, Shanghai and Shandong, and the northwestern region (including Liaoning, Jilin and Heilongjiang) had a relatively low level of susceptibility (Fig. 5a) . The results indicate that the level of economic development could be closely associated with the susceptibility to natural hazards. The most susceptible provinces, such as Guizhou, Gansu, Yunnan and Guangxi, have a higher proportion of households with difficult access to drinking water, a greater dependency ratio, higher poverty incidence and larger differences in income distributions (Fig. 6a) . A greater dependency ratio and higher Gini-index may be the main reasons for the higher susceptibility in Ningxia, Qinghai, Tibet, Jiangxi, Chongqing and Sichuan provinces. In contrast, the least sensitive regions, e.g., Beijing, Tianjin and Shanghai, have better health, fewer households with difficult access to drinking water, lower dependency ratios, smaller populations in extreme poverty and higher levels of economic development (Fig. 6a) . Guizhou, Anhui, Guangxi, Chongqing, Qinghai and Jiangxi had the greatest lack of coping capacity for natural hazard events, followed by Yunnan, Fujian, Hainan, Heilongjiang, Jilin and Ningxia (Fig. 5b) . Poorer medical services (the number of beds, physicians and health institutions), inefficient governments and authorities (high corruption perceptions index and low comprehensive development index) and lower economic coverage (insurance density and penetration) in Guizhou, Anhui, Guangxi, Chongqing, Qinghai and Jiangxi provinces were closely correlated with their low capacity to respond to shocks (Fig. 6b) . For example, the combination of fewer medical services per 10,000 people, the lower level of comprehensive development and inferior insurance was one of the possible reasons why Guizhou Province had the lowest coping capacity (Fig. 6b ). Very few people in Guizhou Province have the opportunity to benefit from well-developed health care in the event of natural hazards. The map of lacking coping capacity also showed that the provinces with the highest coping capacities for a disaster were Beijing, Shanghai, Hebei, Guangdong, Shandong and Zhejiang (Fig. 5b) . In general, these welldeveloped provinces have better capacities to cope with events, as compared to lessdeveloped regions, because they have well-developed health care, superior insurance and comprehensive development (Fig. 5b) .
The map showing the lack of adaptive capacity clearly identified Beijing, Tianjin, Shanghai, Heilongjiang, Sichuan, Jilin and Inner Mongolia as having the highest adaptive capacities, followed by Zhejiang, Liaoning, Tibet and Hunan. These provinces, including Guizhou, Hainan, Anhui, Shaanxi, Shanxi and Shandong, exhibited massive problems in regard to their adaptive capacities (Fig. 5c ). Higher levels of education (adult literacy rate and tertiary gross enrollment ratio), higher gender equality in education and larger government health expenditures may be responsible for the high adaptive capacities in Beijing, Tianjin and Shanghai. The higher adaptive capacities in Heilongjiang, Sichuan, Jilin and Inner Mongolia could be explained by superior ecosystem protection (high ecosystem service value and good forest management) and larger private health expenditures (Fig. 6c) . The possible driving forces in Guizhou, Anhui and Hainan, which have the lowest adaptive capacity, are the low adult literacy rate and tertiary gross enrollment ratio, the relatively higher gender disparity in education and employment, fewer ecologically protected areas per unit area and a lower ecosystem service value (Fig. 6c) . The reason Tibet was the second highest adaptable province could be explained by its superior ecosystem protection (including larger ecologically protected areas, better forest management and lower ecological footprint 3 ). Figure 5d shows the components of susceptibility, the lack of coping capacity and the lack of adaptive capacity. An evaluation of the vulnerability reveals that the most vulnerable provinces to natural hazards were mainly concentrated in southwestern China. Table 1) Gansu, Hainan and Anhui were also the most vulnerable provinces. Most of the welldeveloped regions were the least vulnerable, for example Beijing, Shanghai, Tianjin, Zhejiang and Shandong provinces. Two of the most vulnerable provinces, i.e., Anhui and Yunnan, had a high susceptibility to natural events, a low coping capacity and a low adaptive capacity. Guangxi and Hainan provinces also exhibited similar characteristics to Anhui and Yunnan. Guizhou Province was characterized by a very high susceptibility, a very low coping capacity, a very low adaptive capacity and high vulnerability. In contrast, three municipalities (Shanghai, Beijing and Tianjin) had very low susceptibilities and, to an extent, a very high coping capacity and adaptability, which results in a very low level of vulnerability. Among the least vulnerable provinces, Zhejiang had a very low susceptibility, high coping capacity and moderate level of adaptability. Liaoning was characterized by a low susceptibility, moderate level of coping and moderate adaptive capacities. Additionally, although Shandong and Guangdong provinces greatly lacked the capacity to adapt, their lower susceptibility and higher coping capacity levels resulted in a very low vulnerability (Fig. 5d ).
Chinese disaster risk index (CDRI)
The CDRI map shows that there were six provinces demonstrating a very high disaster risk, whereas seven had a very low risk level (Fig. 7) . Guizhou had the highest disaster risk, followed by Hunan, Yunnan, Liaoning, Hainan and Jiangxi. The seven provinces with the lowest risk levels were Shanghai, Tianjin, Beijing, Qinghai, Tibet, Jiangsu and Fujian. The Fig. 7 Relative disaster risk levels for 31 provinces in China six provinces with moderate disaster risk levels were Zhejiang, Chongqing, Shannxi, Jilin, Inner Mongolia and Anhui. The CDRI was the product of exposure and vulnerability. Four of the provinces that experienced the greatest risk were also among the top six most exposed provinces. However, the results for Sichuan and Hubei suggested that high population exposure to natural hazards does not necessarily lead to an especially high disaster risk (Fig. 8) . Sichuan and Hebei provinces exhibited similarly high exposure values to natural hazards as Yunan; however, when combined with moderate and low levels of vulnerability, the risk value was lower. There were higher education levels (including a higher adult literacy rate and tertiary gross enrollment ratio), higher gender equality in education and employment and more emphasis on biodiversity protection in Sichuan than in Yunnan; thus, the latter province was more vulnerable to natural hazards. The differences in the vulnerability between Sichuan and Yunnan resulted in different levels of disaster risks. Different disaster exposure levels under similar vulnerability also produced distinctly different risk types, such as that found in Yunan, Gansu, Hainan and Anhui provinces. Only the combination of high exposure and high vulnerability led to high risk. As shown for Guizhou and Yunnan provinces, both the high exposure and vulnerability produced an extremely high disaster risk (Fig. 8) . These results indicate that a highly vulnerable population was heavily exposed, whereas low vulnerability mitigated the exposure and resulted in a lower risk. The relationships between poverty, economic level, exposure, vulnerability and disaster risk have received widespread attention over the past decades. Poverty has been considered an important aspect of vulnerability due to its direct association with access to resources, which affects both baseline vulnerability and coping with the impacts of extreme events (Adger 2006; IPCC 2012) . Poverty generally affects vulnerability through individuals' expectations of the impacts of hazards and through their ability to invest in risk alleviation; the limited opportunities for coping and reducing the resilience to impacts directly affect the recovery from extreme events (Adger 2000) . Thus, extreme poverty increases the susceptibility to harm. In China, vulnerability was closely correlated with poverty and per capita GDP (Fig. 9a,  b) . We observed that China's vulnerability was positively and significantly associated with the incidence of poverty but negatively associated with per capita GDP (p \ 0.01); thus, some regions with higher poverty incidences and lower economic development levels, such as Yunnan, Guangxi and Guizhou, tend to exhibit relatively higher disaster vulnerability. This result is in agreement with an existing study that shows lower wealth levels increased disaster vulnerability (Kellenberg and Mobark 2007) . Figure 9c , d provides information on Fig. 9 Relationships between risk and vulnerability, exposure, poverty and per capita GDP the relationship between disaster risk level and poverty incidence as well as economic development at the provincial scale of China. A nonlinear relationship exists between risk index and poverty incidence as well as per capita GDP; this is consistent with previous studies (Kellenberg and Mobark 2007; Schumacher and Strobl 2008; Zhou et al. 2014b) . Provinces with high disaster risk levels were concentrated in middle-income regions. The regions with lower GDP per capita and higher physical exposure, such as Guizhou and Yunnan provinces, were associated with higher levels of risk. These results suggest that less-developed areas would suffer higher levels of mortality and relative economic loss than well-developed areas when disasters occur if economic policies do not account for the rising disaster risk. Economic and population exposure to disasters is increasing at a faster rate than the upward trends in wealth and efforts to adequately protect people and assets (Mitchell et al. 2012) . The relationship between disaster risk and per capita GDP as well as poverty in China also suggests that efforts to eliminate poverty and to increase development may be a successful policy implementation for effective disaster risk mitigation. Furthermore, there have less willingness to accept disaster insurance for people from regions with a greater multi-hazard threat, but buying insurance may be also an effective way to reduce disaster risk (Wang et al. 2012c ). In addition, the correlations between disaster risk and exposure as well as vulnerability demonstrate that risk was more closely related to exposure (R 2 = 0.94, p \ 0.01) than vulnerability (R 2 = 0.35, p \ 0.01) at the significance level of 0.01 (Fig. 8e, f) . The results further suggest that the physical exposure to hazards played a role in the level of disaster risks, while vulnerability, especially social vulnerability, amplified the adverse effects of natural disasters.
Discussion
Disaster risk assessment aims to examine the latent factors that cause losses in order to estimate loss probabilities, and it can help inform efforts to intervene to reduce risks and therefore losses before such occur (Dilley et al. 2005) . The WRR shifted away from the typical short-term view of disasters and concentrated on a developmental approach; it focused on aspects such as prevention, protection of particularly vulnerability groups and risk management. Linking the social and economic dimensions of risk with the classical hazard analysis of natural events will create a new approach for risk assessments and provide forward-looking conclusions for both decision-makers and practitioners. This study assessed the integrated and relative risks to five major natural disasters at the provincial scale in China within a general theoretical framework provided by the WRR. Although the structure of the provincial risk index corresponds to the structure of the global index, some indicators had to be adapted to the data or discarded due to the limited data. One of the advantages of a provincial risk index is the possibility to account for important aspects that would be relevant to disaster risks at the sub-national level for which no globally comparable data are available. It is therefore feasible and reasonable to integrate the following indicators in the index: comprehensive development index, water resources carrying capacity, terrestrial ecosystem service value and ecological footprint (Table 1; Fig. 2 ). These indicators were correlated with the ability to adapt to natural hazards as well as the vulnerability of a community or country (Adger et al. 2005; Smit and Wandel 2006; Das and Vincent 2009; Keys et al. 2014) . There is growing consensus that the quality of the ecosystem has a significant effect on the ability to cope with and adapt to natural hazards or adverse shocks (Adger 2000 (Adger , 2006 Adger et al. 2005; Smit and Wandel 2006) . Therefore, our results revealed the provincial differences in disaster risks and identified the possible mechanisms behind these risk-level disparities. The findings further confirmed that geographical areas that have been identified as high risk or hotspots at the global scale have a highly variable spatial distribution of risk at finer scales (Arnold et al. 2006) .
However, some uncertainties still exist in this study. First, our work is mainly focused on the relative integrated risk levels of five types of hazards (droughts, earthquakes, floods, low temperatures/snow and gale/hail) rather than specific hazards. The multi-hazard index is obviously strongly influenced by the choice of measurement of the degree or severity of a hazard (Dilley et al. 2005) . Furthermore, the present study did not consider the physical exposure to typhoons due to the low incidence of typhoon disasters in China (nine of the 31 provinces experienced a typhoon during [2008] [2009] [2010] . Therefore, the risk evaluation of typhoons was beyond the scope of this study. A different disaster risk pattern would have been produced for China's coastal areas if we had considered the impacts of typhoons on humans. Second, some important factors in measuring susceptibility, coping capacity and adaptive capacity and in measuring vulnerability to natural hazards, such as housing conditions, disaster preparedness, early warnings, social networks and institutional dimensions, were not considered in the CDRI. Built-environmental factors amplify or attenuate the adverse effects of natural hazards (Borden et al. 2007 ). Different types of buildings would resist to the impact of disaster events differently, resulting in different damage levels even under the same intensity (Tsao et al. 2010; Lo et al. 2012) . Robust early warning systems play a critical role in reducing the impacts of potential disasters and enable populations to protect lives, property and infrastructure (Adger et al. 2007; Rogers and Tsirkunov 2010; IPCC 2012) . Social networks facilitate the transmission of information about risk, and communities with stronger social networks appear to be better prepared for disaster impacts (IPCC 2012) . Institutional factors (such as lack of policies, spatial panning practices, knowledge, training, discussion, implementation tools) play a critical role in adaptation as they influence the social distribution of vulnerability and shape adaptation capacities (Adger 2000; Naess et al. 2005) . However, to date, no sufficient information on these aspects is available at the provincial level in China. Finally, this study was only concerned with the population exposure to natural hazards, and it failed to consider property exposure because the accuracy of the population exposure data is usually higher than that of property loss data; additionally, the recorded information of the former is more complete than the latter. The potential exposure of land, population and other features of each province varies greatly across space and time; thus, the overall risk considered in a multi-hazard index will be influenced by a range of highly uncertain factors. We hope that disaster-related mortality and loss risks will be included in China's disaster risk assessment model in the future.
Disaster risks cannot fully be eliminated because natural hazards are beyond our control, but its impacts can be mitigated. Exposure is a physical contribution to disaster risk, whereas vulnerability is a human-based contribution to risk (IPCC 2012) . The levels of adverse effects of disasters are largely determined by the vulnerability and exposure of societies and social-ecological systems (UNISDR 2009; Cardona 2011) . Over the next few decades, population growth, urbanization and economic growth will continue to increase the exposure to natural perils in many regions. Disaster risks continue to grow as rapid urbanization increases as a result of the drive for economic growth and social improvement. Therefore, vulnerability reduction is a core element of managing or reducing disaster risk. Understanding vulnerability is a prerequisite for understanding risk and developing risk reduction and adaptation strategies for disaster events (UNISDR 2011). Measures could be taken to reduce vulnerability, e.g., poverty reduction, health improvements, livelihood diversification, access to decision-making and community security improvements (IPCC 2012) . In China's high-risk regions, such as Guizhou and Yunnan provinces, poverty reduction, improvements in critical infrastructure and medical services, and increases in political transparency would help to reduce vulnerability among exposed populations to natural hazards. More specifically, in Guizhou, the combination of increasing the accessibility of households to drinking water, reducing the dependency ratio through reasonable population policies and narrowing the income gap would help to reduce the regions susceptibility and mitigate disaster risk. In Hainan and Jiangxi, vulnerability reduction could be achieved by improving the level of education and medical services and emphasizing the role of insurance in risk sharing and transfers. The goals of disaster risk mitigation could be accomplished by considering the mainstream risk management in the development process, developing a reasonable land use planning policy and implementing incentives to move individuals away from disaster-prone areas to reduce exposure (Turner et al. 2003) .
Conclusions
The present disaster data in China are inadequate for understanding the absolute levels of risk posed by any specific hazard or combination of hazards, but they are adequate for identifying regions that have relatively higher multi-hazard risks. This study identified Guizhou, Hunan, Yunnan, Liaoning, Hainan and Jiangxi provinces as high-risk regions of multiple hazards and Shanghai, Tianjin, Beijing, Qinghai, Tibet, Jiangsu and Fujian as lowrisk areas. Notably, among the six provinces with the highest risk, four had a high population exposure to hazards. Very high exposure is a significant risk driver in China, although a relatively higher development level can reduce vulnerability, as Liaoning Province reveals. Because it had the highest population exposure, highest susceptibility to natural hazards, poorest coping capacity and poorest adaptive capacity, Guizhou Province had the largest disaster risk in China. Similar to the population exposure to disasters, the relative risk levels in the southwestern, central and northeastern regions of China were significantly higher than those in the eastern, northern and western areas.
China's disaster risk analysis has important implications for the development of investment planning, disaster preparedness and loss prevention. The highest risk areas are those where disasters are expected to occur most frequently and losses are projected to be the highest. This provides a rational basis for prioritizing risk reduction efforts and highlights areas where risk management is most needed. Reducing exposure and vulnerability would provide opportunities for at-risk populations to lower the adverse effects of a disaster. Poverty reduction, improvements in critical infrastructure and medical services, and increases in political transparency can help the provinces with high risks to reduce susceptibility and improve the ability to respond and adapt to natural hazards. Further, reasonable land use planning and advancement of risk awareness could help reduce the population exposed to disasters. Our findings could provide a scientific basis for guiding effective disaster risk management in the future.
